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Abstract — Remotely sensed vegetation measurements for the 
last 30 years combined with other climate data sets such as 
rainfall and sea surface temperatures have come to play an 
important role in the study of the ecology of arthropod-borne 
diseases. We show that epidemics and epizootics of previously 
unpredictable Rift Valley fever are directly influenced by large 
scale flooding associated with the El Nino/Southern Oscillation. 
This flooding affects the ecology of disease transmitting 
arthropod vectors through vegetation development and other 
bioclimatic factors. This information is now utilized to monitor, 
model, and map areas of potential Rift Valley fever outbreaks and 
is used as an early warning system for risk reduction of outbreaks 
to human and animal health, trade, and associated economic 
impacts. The continuation of such satellite measurements is 
critical to anticipating, preventing, and managing disease 
epidemics and epizootics and other climate-related disasters. 
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Oscillation, Rift Valley fever virus, Normalized Difference 
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I. Introduction 

Remote sensing measurements of the biosphere are 
increasingly making major contributions to environmental and 
disaster risk mitigation strategies over the last 30 years. 
Measurements such as sea surface temperatures (SST), 
rainfall, and vegetation are enabling the study of biosphere 
dynamics as a truly coupled system. The ability to make these 
measurements globally and at fine temporal resolution from 
satellite platforms is providing insights into the drivers of 
insect disease vector populations and disease outbreak 
patterns. Catastrophic events in abiotic systems leading to 
natural disasters such as floods and breakdown of human 
infrastructure are routinely followed by massive events of 
communicable diseases [1]. However, patterns of extreme, 
anomalous change in global abiotic systems can also directly 
lead to emergence and spread of arthropod-borne diseases 
causing rapid and pervasive human morbidity and death, and 
economic disaster at national or sub-continental levels. 

Climate variability and change is recognized as one of the 
major drivers contributing to the spread of arthropod-borne 
disease outbreaks [2]-[8]. Variations in the climate regime can 
lead to extreme temperatures, storm surges, flooding, or 
droughts which directly affect human health and impact the 
global, regional, and local ecology by producing conditions 
that precipitate disease epidemics. Extremes in climate affect 
populations of arthropod vectors that transmit disease. In 
particular, changes and variations in temperature may 
influence vector survival, susceptibility of vectors to 
pathogens, rates of vector population growth, phenology and 
seasonality of vector populations, replication and extrinsic 
incubation periods of viral pathogens in the vector, length and 
timing of transmission seasons, or vector population spatial 
distribution [2], [3]. Increases in precipitation may expand the 
size of mosquito larval habitats or create new habitats resulting 
in an overall increase in vector populations. Rainfall can also 
elevate humidity which increases the probability of vector 
survival [2] -[6]. Persistent and large scale drought conditions 
can change vector habitats by concentrating water into small 
pools, and increasing the proportion of container-breeding 
mosquito vectors around households. Extreme variations in 
temperature and precipitation also have impacts on the 
vertebrate hosts of disease vectoring insects. Increased rain 
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can increase vegetation, food availability and host populations, 
while decreased rain can eliminate food resources forcing 
vectors and vertebrate hosts into human settlements thus 
increasing the probability of human contact [2]-[7]. 

One major indicator of climate extremes is the El 
Nino/Southern Oscillation (ENSO) index. Over the last 50 
years, a number of studies have shown that climate variability 
associated with the ENSO phenomenon influences mosquito- 
borne human and animal disease outbreaks, most notably Rift 
Valley fever (RVF), Murray Valley encephalitis, chikungunya, 
and dengue [9]-[15] through large scale floods and droughts. 
The influence of ENSO on the global climate system, 
especially over the global tropics, through interannual 
variations in temperature, atmospheric circulation, and 
precipitation produce different anomaly patterns in the 
aforementioned climate variables with near-cyclical transitions 
from the warm {El Nino ) phase to the cold {La Nina) phase. 

In regions of ENSO teleconnections, theseis quasi-cyclical 
patterns lead patterns of drought and flood that may lead to a 
variety of natural disasters including those of public health 
relevance. Prominent ENSO-related anomaly patterns in 
climate variables are now known to be temporally and spatially 
associated with certain vector borne-disease outbreaks. RVF is 
a well-documented example of a vector-borne disease of 
significant public health and economic relevance that has been 
shown to be tightly coupled with the ENSO phenomenon [11]. 

II. RIFT VALLEY FEVER 

RVF is a mosquito-borne viral hemorrhagic disease with 
pronounced health and economic impacts to domestic animals 
and humans in much of sub-Saharan Africa [16]. The virus is 
classified in the family Bunyaviridae and is a Phlebovirus , a 
genus of viruses primarily associated with mosquito and sand 
fly vectors. The range of RVF has extended beyond its 
established endemic range of sub-Saharan Africa into Egypt in 
1977 [17] and emerged in Saudi Arabia and Yemen in 2000 
[18] (Fig. 1). This evidence of RVF invasion into new regions 
creates a precedent for further globalization. The Rift Valley 
fever virus (RVFV) is thought to be maintained in an endemic 
cycle which depends upon intermittent heavy rainfall events 
and periodic short term flooding of low lying habitats, known 
as dambos or pans , and on the vertical transmission of the 
virus (i.e., transovarial inheritance of the virus from female 
mosquitoes to offspring) by floodwater Aedes mosquitoes (Fig. 
2). Rift Valley fever epizootics/epidemics have occurred 
unpredictably until recently during exceptional years of above- 
normal and prolonged rainfall (Fig. 3) which floods low lying 
areas. This sustained or repeated flooding favors hatching and 
survival of multiple, consecutive broods of virus-infected 
Aedes mosquito eggs. The most important known animal 
species in RVF epidemics are domestic ungulate livestock, 
especially sheep, cattle, and goats. Unfortunately, the potential 
role of mammalian wildlife as RVFV reservoirs or amplifying 
hosts is not sufficiently known. Infection of domestic animals 
is caused by probing or blood feeding by female Aedes 
mosquitoes possessing a disseminated RVFV infection. After 
infection, these livestock species suffer significant morbidity, 
mortality, and up to 100% abortion especially in sheep 


populations; and their high viremias are sufficient to infect 
other mosquitoes [17]. Later in the epizootic period, lingering 
floodwaters stagnate and subsequently produce vast 
populations of Culex species mosquitoes that serve as the 
primary horizontal vectors of RVFV between viremic 
domestic animals and humans. Many European, African, and 
North American mosquito species have been identified as 
potential competent vectors of RVFV [19], but much work 
remains to be done in this field. 

In humans, infection with RVF produces fever, chills, and 
myalgia and normally resolves without further consequences 
after several days. In less than 3% of cases more severe 
disease occurs, including: retinal lesions (macular 

degeneration), hemorrhagic fever, or encephalitis. Human 
infections may be caused by the bite of an infected mosquito, 
consumption of or close contact with fluids or tissues of 
infected animals, or exposure to infectious aerosols. Humans 
may be protected from the insect pathway of infection by the 
diligent use of insect repellents, bed nets, and insect control 
measures. Vector control is a viable option, especially with the 
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Fig. 1. Geographic distribution of recent (2006-2011) Rift Valley fever 
epidemics/epizootics. 

recent development and operational use of accurate predictions 
of RVF epidemics/epizootics based on an innovative approach 
focusing on the specific habitats of immature floodwater Aedes 
mosquito reservoirs/vectors [20]. Human vaccination could 
prevent human disease in endemic areas; however, human 
vaccines still remain investigational and are only available in 
limited quantities involving a protracted series of inoculations 
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and follow-up serology. Vaccination of domestic cattle, sheep, 
and goats could prevent or mitigate epizootic/epidemic 
transmission of RVFV since these ungulates most likely serve 
as the primary amplifying hosts of the virus. An optimum 
livestock vaccine would (1) protect vaccinated animals from 
disease, (2) not cause abortion, (3) produce antibodies that 
would be distinguishable from natural infection of the virus, 
and (4) not revert to virulence. Currently, both inactivated and 
live attenuated vaccines are available in endemic areas of sub- 
Saharan Africa, but are not ideal and new and more stable 
vaccines are under development. 



Fig. 2. Mosquito population succession dynamics after a flood event 
(Reconstructed after [34]) 

Episodic activity of RVF epizootics/epidemics over the last 
35 years in Egypt, West Africa, Sudan, Madagascar, and the 
Arabian Peninsula has illustrated the importance of land-use, 
including irrigation and deforestation, in the continuing 
emergence of this virus as a major agricultural and human 
disease in sub-Saharan Africa, the Middle East, and the 
Arabian Peninsula. The increased frequency of the occurrence 
of both prolonged or intense RVF transmission in East Africa 
in 1997-1998 and 2006-2007, Sudan in 2007, South Africa in 
2008-2011, and Madagascar in 2007-2008 has increased the 
serious potential for expansion of RVFV into a wide-range of 
suitable but immunologically naive areas such as the Middle 
East, the Mediterranean, and the Americas. The economic 
effect of the recent RVF outbreak in East Africa has been 
estimated at $65 million [21] (Fig 4.). The economic impact 
on the United States or another non-endemic country would be 
substantial. Livestock feed suppliers, health care insurance, the 
food-service industry, and confidence in the food supply chain 
would certainly be impacted. For example, the United States 
had beef-related exports in 2003 of $5.7 billion, and the 
Organization of Animal Health (OIE) imposes a 4 year trade 
ban on any country with confirmed RVF transmission [22]. 


The impacts an RVF epidemic/epizootic are up to now only 
estimates, but in totality are enormous given the costs to public 
health, economic impacts of international livestock trade bans 
on the affected countries, economic dislocations, and 
disruptions to the food supply chain. In essence, an RVF 
outbreak amplifies the initial disaster due to flooding. 



Fig. 4. Sheep that were permitted to graze new infected mosquito habitats on 
a farm in Kenya during the 2006-2007 outbreaks in the Horn of Africa 
leading to abortions and high mortality in the sheep population. Exotic breeds 
are particularly susceptible to Rift Valley fever infection, and young and adult 
sheep can die and pregnant ewes regularly abort. 

III. Remote Sensing of vegetation 

Since the early 1980s, there have been attempts to use remote 
sensing data to identify ecological conditions associated with 
RVF outbreaks in East Africa [22]. Most of the data that have 
been used in such studies are from measurements made by the 
Advanced Very High-Resolution Radiometer (AVHRR) 
instrument aboard the National Oceanographic and 
Atmospheric Administration series of polar orbiting satellites. 
Measurements in the visible red and near infrared bands on 
this instrument are of specific relevance to ecology. Green 
plant tissue has a strong chlorophyll absorption in the red 
portion of the spectrum and a very high reflectance in the near 
infrared portion. This unique spectral response of vegetation 
makes it possible to differentiate vegetation from other surface 
materials remotely. The normalized difference vegetation 
index (NDVI) is derived from these spectral measurements in 
the form: 

NDVI = P,tir — 

Pnir + Pred 

where p nir and p re d are the surface reflectances in the near 
infrared and red portions of the electromagnetic spectrum, 
respectively [23]. Derived NDVI values range between -1 and 
+1 NDVI units, with values <0 indicating absence of 
vegetation and values >0 showing increasing amounts of green 
vegetation. This index provides a robust measure of the 
presence and abundance of vegetation in a wide range of 
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environmental conditions [24]. The NDVI has been found to 
be very useful in monitoring rainfall dynamics in semi-arid and 
arid areas where grasslands and savanna bushlands are the 
dominant vegetation types [25], [26], primarily because semi- 
arid vegetation is very sensitive to variations in precipitation. 
For example, comparative data show an approximate linear 
relationship between NDVI and precipitation in a range of 
semi-arid lands of Africa (Fig. 5) [27], [28]. Precipitation and 
green vegetation dynamics are a major determinant of life 
cycles of animals and insects in semi-arid lands in many parts 
of the world. Close relationships have been found between the 
seasonal trace of green vegetation development, as measured 
by NDVI, and breeding and upsurge patterns of particular 
insects, such as locusts and mosquitoes [29]-[33]. Widespread 
heavy rains result in rapid vegetation development that 
provides ideal habitat for immature and adult mosquito vector 
populations to increase and thrive, significantly elevating the 
risk ofRVF outbreaks [34], [35]. 


Oarissa (Kenya): 40.32°E. 1.01*S 


Dobli (Somalia): 41.14°E. 0.39°N 






Fig. 3. Cumulative daily rainfall (green lines) profiles for periods of Rift 
Valley fever activity and mean long-term cumulative daily rainfall (red lines) 
for sites with reported Rift Valley fever activity. Dotted line represents when 
the first case of Rift Valley fever was identified at each location. Each of the 
outbreak locations was preceded by above-normal rainfall for 3-4 months 
(Adapted from [54]). 


IV. Climatic Context of RVF Outbreak Patterns 

Rainfall in semi-arid lands of Africa ranges between ~ 200- 
800 mm/yr. and exhibits large interannual variability, on the 
order of >20-30% of the average annual value [36], [37]. 
Characteristics of rainfall variability patterns have been 
examined [3 8] -[40], and there is a tendency for persistence of 
drought or above-normal rainfall periods with marked biennial 
characteristics over East Africa and Southern Africa [41]. 
Given the nearly linear relationship between rainfall and 
NDVI, the index may be used to examine land surface patterns 
and impacts of drought or above normal rainfall over space 
and time in areas with limited or no rain gauge measurements. 
At the interannual time scale, the cycling between wet and dry 
years has been linked to the ENSO climate phenomenon that 
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Fig. 5. Comparison between average precipitation from 1982 to 1987 for 
1,794 stations from West Africa and coincident normalized difference 
vegetation index. 


results from the changes in SST in the equatorial Pacific 
Ocean [42]-[44]. The occurrence of a warm (El Nino ) or cold 
(La Nina) phase of ENSO leads to large-scale shifts in 
precipitation patterns across the global tropics and a 
consequent increase in both pathogen and vector abundance 
[11]. Over Africa, there is a tendency for drought (wet) 
conditions over Southern Africa during El Nino (La Nina) 
periods and the reverse conditions over East Africa [40]. The 
signal of ENSO in vegetation has been detected by examining 
NDVI time series for Africa and elsewhere [45] -[47]. Given 
the spatially continuous nature of these data sets, the 
anomalous vegetation conditions resulting from ENSO-linked 
precipitation variability can be mapped [48]. Previous research 
demonstrates clearly that interannual variability in rainfall, 
SST, and NDVI coincide with historical RVF outbreak 
patterns in Kenya [11]: more than 90% of RVF outbreak 
events since 1950 have occurred during warm ENSO events 
resulting in above normal rainfall and flood in East Africa 
(Fig. 6). This is especially true when warm ENSO events 
coincide with warm events in the equatorial Western Indian 
Ocean (Fig. 7) [49]-[5 1 ]. The inter-epizootic period is 
dominated by La Nina events (the cold phase of ENSO), which 
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results in drought in East Africa and wetter than normal 
conditions and floods in Southern Africa [41], [50]. Recent 
evidence shows that RVF outbreaks in Southern Africa are 
coupled to La Nina patterns [20]. Interannual climatic 
variability, in part driven by ENSO events with differential 
impacts on rainfall anomaly patterns on Eastern and Southern 
Africa, largely influences the temporal patterns of RVF 
outbreaks. 

V. MAPPING RVF RISK 

On the basis of this previous research [11], [16], [19], [29]- 
[32], [34], [35] we have developed a monitoring and risk 
mapping system that utilizes the NDVI as a proxy for 
ecological dynamics to map areas at potential risk of Rift 
Valley fever. 



Fig. 6. Rift Valley fever outbreak events plotted against time and the Southern 
Oscillation Index (SOI), a measure of the phase of El Nino/Southem 
Oscillation events. Most RVF outbreak events have occurred during the warm 
phase of ENSO (shown in red; negative SOI index shown in blue). 
Reconstructed after [11] and updated. 


Seasonal SST Anomaly, Dec 1997 - Feb 1998 



Fig. 7. Global seasonal equatorial sea surface temperature anomalies during 
the peak of the El Nino event December, 2006-January, 2007 associated with 
the Rift Valley fever outbreak in East Africa. 

This is based on the assumption that NDVI is an integrator of a 
complex set of habitat variables, including for example 
rainfall, temperature, soil/water quality, refugia, and 
insolation, which are important for the emergence, survival, 
and propagation of Rift Valley fever mosquito vectors. In the 
first element of the system we examine NDVI anomalies to 
detect areas of persistent greenness using, typically, a three- 
month moving window with the formula: 

t-2 

Zndvl, 

NDVlA{3mon) — 


where NDVlA(3mon ) i s the average NDVI anomaly over the 
previous three months (i.e., t, the current month, and t-1 and t- 

2, the two previous months), and where NDVlA(3mon ) > 0.1 • 
That is, persistently positive anomalies must have a three- 
month mean NDVI anomaly exceeding a threshold of 0.1 
NDVI units. All three months input must also have anomalies 
greater than +0.025 NDVI units. The value of +0.025 is 


computed from long-term AVHRR NDVI data and represents 
variability over stable desert areas that have a historical 
variation of +/-0.025. We therefore consider any variation 
greater or less than these values of real significance to 
ecological and vector population dynamics [52]. In the second 
element of the system we generate a mask that incorporates 
areas of historical outbreaks [11], [16], [17] and areas that 
show high interannual variability signals from the standpoint 
of both rainfall and NDVI [27], [37]-[41], [46]-[48]. The mask 
is used to constrain the analysis to areas of potential 
epidemics/epizootics. Areas of persistent positive NDVI 
anomalies are mapped only over these areas and indicate areas 
at risk for RVF, i.e., ideal for RVF vectors to emerge and 
multiply. In addition the areas at risk are constrained by areas 
of livestock (as amplifying hosts) and human population, 

The system retrospectively predicted areas where Rift 
Valley fever outbreaks occurred between 1981 and 1998 [52] 
and subsequently predicted areas of recent Rift Valley fever 
outbreaks in East Africa (2006-2007), Sudan (2007) and 
Southern Africa (2008-2011). All three of these regions had 
persistent above-normal rainfall (200-500 mm) and 2-4 months 
of 40-100% positive NDVI anomalies, which triggered risk 
alerts in the system months before RVFV activity was reported 
(Figs. 8 and 9) [9], [20]. The prolonged excess rainfall and 
resultant rapid green-up of vegetation created ideal conditions 
for hatching and survival of RVFV-infected mosquitoes, which 
rapidly increased vector mosquito populations leading to 
subsequent widespread infection of livestock and human 
populations. Overall, for East Africa the early warning 
information provided in 2006 enabled country preparedness 
and early detection and response activities to be undertaken ~2 
months earlier compared with the previous epidemic/epizootic 
of 1997-1998. Elsewhere various efforts including vaccination 
of livestock, vector control, and mass mobilization were 
implemented to minimize impacts of the epizootics/epidemics. 

VI. Conclusion 

We have demonstrated the application of satellite-derived 
coarse resolution vegetation index time series in studying the 
ecological dynamics associated with Rift Valley fever 
outbreaks resulting from flooding on a large scale. The 
importance of having such temporal information on a 
continuous basis allows for monitoring fluxes in the 
environment that have critical influence of disease vectors. 
Such information can be used with other satellite and 
terrestrial measurements to create models that can be used in 
risk mapping and prediction. Ultimately the importance of this 
work is to prevent or minimize impacts of outbreaks on trade 
economy by providing decision makers with information to 
structure early warning response protocols and messages. 
Conditions for outbreaks and spread of vector-borne diseases 
are created as the climate system exhibits more extreme 
variability. Satellite remote sensing is an important source of 
data to study such extreme conditions and to provide early 
warning and risk information for various health and other 
natural disasters. The classification of RVF epidemics or 
epizootics as natural disasters directly linked to extreme global 
climate anomalies cannot be overstated. The RVF outbreak of 
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1951 in South Africa led to approximately 20,000 human 
infections; the outbreak of 1977-78 in Egypt led to 18,000 
human infections, including 598 deaths; the 1997-1998 
outbreak across 5 countries in the Horn of Africa led to over 
90,000 human infections, the loss of more than 100,000 
domestic animals, and a costly ban on livestock exports; and 
the 2006-2007 RVF outbreak across Somalia, Kenya, and 
Tanzania led to over 1000 reported human cases, including 
over 300 deaths, in addition to the economic impacts described 
above [9], [53]. 

While progress has been made in prediction and risk 
mapping of RVF, a number of outstanding issues remain. 
Currently, the model uses NDVI as the primary data input as a 
proxy for both ecological dynamics and rainfall. The explicit 
incorporation of real-time rainfall in the model can enable the 
improvement of the risk mapping through a ranking of risk 
based on accumulated rainfall as a measure of potential flood 
conditions (Fig. 3). Secondly, the current RVF epizootic area 
mask is based on a RVF literature survey to identify countries 
where there have been episodes of RVF activity adjusted by 
coarse-scale long-term rainfall and NDVI to identify areas of 
pronounced interannual variability. This however does not 
take into consideration patterns of land cover/land use change 
that may create or destroy mosquito habitats thus changing risk 
characterization at local level. This may have been the reason 
for model failure in identifying risk in RVF outbreaks along 
coastal Kenya in 2006-2007, in South Africa (January - 
February 2008), in Sudan within the Gezira irrigation scheme, 
and some areas in Madagascar. Better land cover 
characterization using more fine-scale resolution data such as 
FANDSAT-based Africover classification can tremendously 
improve the identification of potential RVF epizootic/epidemic 
areas across all countries at risk. These are two important areas 
that remote sensing can make a contribution to in model 
refinement and improvement. 

Finally, it is important to note that although the AVHRR 
instrument was originally designed solely for meteorological 
applications, significant and unintended uses for these data 
have included analyses of vegetation phenology, broad land 
cover mapping, and applications in mitigation of natural 
disasters associated with drought and flooding through the 
development of various national and international monitoring 
and early warning systems including those for vector-borne 
diseases. 

In the short-term, there will be continued availability of 
NDVI data from the NOAA series of satellites (NOAA-18 and 
NOAA-19) and the Meteorological Operational polar-orbiting 
satellite (MetOp) AVHRR series from the European 
community that also fly AVHRR instruments. In addition, the 
availability of data since 2001 from MODIS has ensured that 
there is a redundancy in NDVI data availability for various 
disaster applications. The follow-on satellites in the Joint Polar 
Satellite System (JPSS) with the Visible/Infrared Imager 
Radiometer Suite (VIIRS) instruments (scheduled to launch in 
October, 2011) will guarantee that the history of coarse- to 
medium-scale global remote sensing data will continue to be 
available to support operational disaster early warning efforts. 
Such applications show the downstream societal value of 


investments by space agencies in remote sensing satellite 
platforms. 
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Fig. 8. Cumulative rainfall anomalies preceding outbreaks of Rift Valley fever 
in East Africa: September-December, 2006. The outbreaks were preceded by 
persistent and above-normal rain on the order of +200 to +400 mm for a 
period of ~ 2-4 months (A-top). This resulted in anomalous green-up of 
vegetation (B-bottom), creating ideal ecological conditions for the production 
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of Aedes and Culex mosquito vectors that transmit Rift Valley fever virus to 
domestic animals and humans (Adapted from [9]) 



^ RVF risk areas O Identitified as Non*Risk 

| | RVF potential epizootic areas • Identitified as Risk 

Fig. 9. Aggregate Rift Valley fever risk maps for Eastern Africa: September, 
2006-May, 2007(A) Sudan: May to October 2007(B), Southern Africa: 
October 2007-April 2008 (C) and Madagascar: October 2007 to April 2008 
(D). Areas shown in green represent RVF potential epizootic areas; areas 
shown in red represent pixels that were mapped by the prediction system to be 
at risk for RVF activity during the respective time periods; blue dots indicate 
human cases identified to be in the RVF risk areas; and yellow dots represent 
human cases in areas not mapped to be at risk (Adapted from [20]). 
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